Conclusion. We conclude that a Kohonen map is capable of classifying the patients as having glomerular Background. A Kohonen topological map is an artificial intelligence system of the connectionist school or tubular disease with a high sensitivity and predictive value. The rule-based system performs worse than the (neural networks). The map learns the typical features of the subclasses in the learning set by means of a neural networks. The most adequate results were obtained with the hybrid system. shortest Euclidean distance algorithm, after which selfadaptation of the neurons occurs. By its ability of selfKey words: artificial intelligence; neural networks; medorganization and generalization, a Kohonen map is ical decision making; kidney; nephrology useful for pattern recognition, and its application in the medical field as an aid for decision making seems promising. This study describes the use of a Kohonen topological mapping system in the classification of Introduction renal diseases as being glomerular or tubular on basis of clinical characteristics and laboratory results.
renal diseases as being glomerular or tubular on basis of clinical characteristics and laboratory results.
In their daily practice, clinicians are continuously faced Methods. Forty-one parameters from 75 patients were with problems of medical decision making. This is the retrospectively retrieved and used to train four different process by which the clinician tries to obtain a solution Kohonen maps of 10×10 neurons. For reference diafor a given medical problem by collecting and interpretgnostic classification, we referred to the results of the ing as much evidence as possible. Typical for medical light-microscopic examination. The classification of the problem solving is that the relationships between patients by the four different Kohonen networks was different items (e.g. laboratory results and/or sympcompared to the classification by a rule-based system toms) are not always well established, and that there and by three nephrologists. We also developed a exists a myriad of exceptions for every rule. The factors 'hybrid' decision system that makes a classification on that influence a decision are not always identifiable, basis of the opinion of the four networks and that of and are often the result of 'clinical feeling'. Medical the rule-based system. Decision Aids (MDAs) that use rule-based reasoning Results. The results show that a Kohonen map is (if situation A occurs, then action B ensues) to solve capable of classifying the patients as having glomerular this kind of problems are therefore difficult to develop, or tubular disease with a higher sensitivity and predictbecause they do not handle this complex interactive ive value than the nephrologists and the rule-based information adequately [1] . Unlike these conventional system, and that the best classification was performed rule based expert systems, neural networks use nonby the hybrid system: sensitivity and predictive value linear mathematical equations to successively develop for the diagnosis 'glomerular' respectively 100 and 88% meaningful reliable relationships between input and for the network with the most adequate results, 90 and output variables through a learning process [2] . The 83% for the nephrologists, 90 and 95% for the ruleterm 'neural networks' for this kind of expert systems based system, and 95 and 96% for the hybrid system; is apt, since their conceptual construction is based on sensitivity and predictive value for the diagnosis 'tubuinsights in the processes that take place in the cerebral lar' respectively 50 and 100% for the neural networks, cortex. Neural networks have a 'training phase' and a 31 and 45% for the nephrologists, 81 and 68% for the 'user phase'. In the training phase, the relations rule-based system, and 87 and 82% for the hybrid between the different input variables and the output system).
are established by adaptation of the weight factors. This adaptation is based on rules that are set in the earlier [6, 8] . The programming for the network was done in meters from cases not previously interpreted by the Visual BasicRE. A more profound explanation of the mathemnetwork can be presented, and an output is then atics and the programming is given in the appendix. Each of calculated on basis of the above-mentioned and now the individual 41 parameters in the 75 patients were normalfixed weight factors.
ized to a scale ranging from 0 to 100, to obtain a symmetrical By their ability of self-organization and generaliza-41-dimensional vectorspace. At initialization, all neurons of tion, neural networks seem promising for applications the map received a random vector. In the training phase, a in medical decision making [1-9]. random vector from the 75 cases in the learning set was In this article we describe an application of neural presented to the network and the winning neuron was networks for nephrological decision making. We selected. The winning neuron was defined as the neuron with developed a Kohonen topological map to distinguish the shortest Euclidean distance to the presented learning between glomerular and tubular disease on the basis vector. This winning neuron was then adapted by a nonsupervised learning algorithm as described by Kohonen of laboratory data. We also developed a rule-based [10, 11] . By this adaptation, the Euclidean distance between system, and a hybrid system that uses the results of the winning neuron in the map and the presented learning four neural networks and the rule-based system to vector was decreased; thus the winning neuron and the make a decision. These systems were tested on the learning vector became more similar. This process of presame patient data as the neural networks. Patient data sentation, selection, and adaptation, called a learning cycle, were also analysed and classified by three nephrolog-was repeated until the preset number of learning cycles was ists. The neural networks performed better than the reached. Then the network vectors were saved to a separate rule-based system and the nephrologists, both for file, where they remained available for the user phase. Each sensitivity and for predictive value.
network was denoted by its number of learning cycles. A linearly decreasing learning rate was used, and the topological neighbourhood was also decreased as a function of time.
Subjects and methods
Programming, training, and testing were done on a 486 DX4 processor.
Patients and parameters
The user interface shows two panels (Figure 1 ). Panel A is the classification for each neuron on the map as being The files of 110 patients who had undergone a kidney biopsy glomerular or tubular. Panel B shows the value for each in the period 1990-1994 were retrieved. The patients were neuron for a given parameter, the so-called parameter represclassified on basis of the biopsy protocol to have glomerular entation. The presented parameter can be selected by the or tubular disease. Morphological light-microscopic analysis underlying scrollbar. By comparing panel A and B, the was used as a reference and all the biopsies were evaluated distribution and discriminative value of each parameter can by the same pathologist. For those specimens where charac-be analysed. Clusters of neurons having the same value for teristics of both classes were present in the biopsy, a final a given parameter can be detected, and the matching of this classification was based on the clinical background and the cluster to a diagnostic group can be evaluated. For pararelative importance of the different lesions.
meters with a great discriminative power, the clusters in Of a total of 75 different clinical and biological parameters, panel A and B should at least in part overlap. The greater 41 non-intermutually correlating parameters were retained the overlap, the greater the discriminative power of the (Table 1) . Thirty-five patients were excluded because of parameter. missing data. For all data, the last values before the biopsy First, a series of networks with a 41-dimensional vector were used, with an interval of 14 days maximum. Creatinine was trained. Different learning rates and neighbourhood clearance, as well as urinary volume and the urinary sodium, distances were used to determine the most convenient setpotassium, and protein excretion were based on a 24-h urine points for these parameters. Afterwards, different networks collection. Loss of renal function in the period preceding the with a different number of learning cycles were trained. biopsy was evaluated from the slope of the inverse of serum Based on the results of these networks, a parameter reduction creatinine, starting with the first value available, and ending was then performed, and a second series of networks was with the value immediately before the biopsy. The number trained with an 8-dimensional vector with the most discriminof different antihypertensive drugs was registered. The length ative parameters (creatinine clearance, serum cholesterol, of the kidney was defined echographically as the largest proteinuria, haematuria, urinary acanthocytes, urinary dysdistance between upper and lower pole of the smallest kidney. morphic erythrocytes, peripheral oedema, diabetes mellitus). Morphological deformations were accepted when the kidneys The four networks with the best discriminative results were had irregular contours. The presence of leukocytes, erythroused for further analysis and for the construction of a cytes, acanthocytes, and other dysmorphic red blood cells in hybrid system. the urinary sediment was evaluated by polarized light-
The rule-based system that we developed used the same microscopy of freshly voided morning urine. Leukocyturia parameters as the 8-dimensional networks. A rule based and haematuria were expressed as number of cells per highsystem is an artificial intelligence system that uses conditional power field. Acanthocyturia and other dysmorphic red blood rules of the 'If … Then … ' type, which are stored in a cells in the urine were scored as present or absent. The knowledge base that takes a decision by implementing the presence of peripheral oedema was scored as present or absent on basis of the notes in the patient file. Diabetes presented information on the different rules stored in this mellitus was scored present when the patients were on insulin knowledge base. Our system was based on the current rules or oral antidiabetics.
applied by the nephrologists of our department to distinguish between glomerular and tubular disease. It used a simple linear algorithm, whereby the 8 parameters were evaluated
Network and programming
by a series of rules. If a condition was fulfilled, a number of points were added to a buffer value in a weighted manner. We developed a Kohonen topological map, with a square two dimensional architecture of 10×10 neurons as described If a threshold value was reached, the subject was classified Sensitivity was defined as the number of patients that was The hybrid system makes decisions on basis of the opinion correctly classified as having tubular/glomerular disease, of one of the 41-dimensional networks (network 39999), divided by the total number of patients having tubular/ three of the 8-dimensional networks (networks 9986, 35248 glomerular disease, hence expressing the probability that a and 7576) and the rule-based system. The algorithm is based patient with tubular or glomerular disease is indeed classified on the difference in predictive value and sensitivity of the as having tubular or glomerular disease. Predictive value was systems. For example, since the predictive value for tubular defined as the number of patients that have tubular/glomerdisease of network 7576 is 100%, the diagnosis retained by ular disease divided by the total number of patients that is the hybrid system is 'tubular', when this network states that classified as having tubular/glomerular disease, hence it should be tubular. In this way, the hybrid system can be expressing the probability that a patient that is classified as seen as a kind of rule based system itself, the rules of which having the disease, really has the disease. are set by the neural networks.
The nephrologists used the same parameters as the 8-dimensional networks for their classification.
Results

Population
Statistical analysis
According to the biopsy, respectively 59 and 16 patients were classified as having glomerular or tubular disease.
Data were expressed as median, upper and lower quartile.
Statistical analysis was performed by Mann-Whitney test or Their primary diagnoses are shown in Table 2 . Fig. 1 . Analysis screen. Screen capture from the analysis screen of network 39999. Panels A and A∞, the diagnostic label for every neuron in the map; t, tubular; g, glomerular. Panels B and B∞, parameter representations respectively for haematocrit and proteinuria, showing the value for each neuron for that parameter. The higher the number, the more prominent the given parameter. Values range from 0 to 100. As can be seen, there are two clusters of neurons with label 't' (shaded areas in panels A and A∞), suggesting a good discrimination between glomerular and tubular disease by this network. These clusters, however, are not matched with the parameter representation of haematocrit in panel B, suggesting that haematocrit has no great influence on the localization of the cases. In panel B∞, values for proteinuria decrease from the lower left to the upper right, suggesting that proteinuria influences the localization of the cases. Also there is a certain overlap with the clusters of tubular and glomerular cases. However, this overlap is not total, since there are tubular cases with proteinuria, and there are also glomerular cases with low proteinuria.
There was a significantly higher proteinuria in the tubular disease had proteinuria. The difference between the two groups for serum cholesterol was significant group with glomerular disease compared with the group with tubular disease ( Table 1; Figure 2a ). Seven ( Table 1 ; Figure 2b) , with the highest value for the group with glomerular disease. There were no differpatients with glomerular disease had no proteinuria (5 with IgA nephropathy, 1 with Fabry's disease, and 1 ences between the diastolic blood pressures in the two groups ( Table 1 ; Figure 2c ). The number of antihyperwith Alport syndrome). Four of 16 patients with Figure 2d ) . used to distinguish different diagnostic subgroups of patients with renal disease.
Classification
Medical decision making is a complex process, with The classification results of the different networks many influencing factors, the role of which is not (NW ) are shown in Table 3 . The results are compared always established. The meaning and importance of a to those of the rule-based system, the hybrid system given manifestation (a clinical symptom, a biochemical and the nephrologists. We expressed the results as value, the result of a technical investigation) depend sensitivity and predictive value for the diagnoses of upon the concomitant presence or absence of other glomerular and tubular disease.
signs. By their concept, neural networks are efficient For the overall classification (% correct answers) by in finding relationships between these different parathe artificial intelligence systems, the highest score was meters [12] [13] [14] [15] . It might be expected that neural netfor the hybrid system (93%), and the lowest score for works can improve diagnostic accuracy by their ability network 9986 (83%). The scores for the nephrologists to find relationships between parameters, that would varied from 60 to 77%.
not have been apparent using other approaches [2]. The sensitivity and predictive value for the diagnosis Baxt [4] for example created a connectionist expert 'glomerular disease' showed only minor variation for system that accepts or rejects the diagnosis of myocardthe artificial systems: from 90 to 100% and from 86 to ial infarction in patients presenting with chest pain. 96% respectively. The nephrologists realized a slightly The network performed better than the attending lower score for sensitivity (61-90%) and a comparable physicians (sensitivity 97 vs 83%, specificity 96 vs 86% score for predictive value (83-85%). respectively). More important, he found strong evidThe sensitivity for the diagnosis 'tubular disease' is ence that the network adapted the importance of low for all the classifiers (range 31-63%), except for certain parameters depending upon the presence or the rule-based and the hybrid system (81 and 87% absence of other parameters. respectively).
Our results show also that the neural networks The predictive value for 'tubular disease' is low for perform better than the rule-based system and the the nephrologists (28-45%), and the rule-based system nephrologists. This can be attributed to several reasons. (68%), acceptable for the networks and the hybrid First, our dataset is at least in part composed of cases system (63-82%) and high for network 7576 (100%). with atypical presentations of tubular disease, since at The largest differences between the classifiers are least in our institution a biopsy is rarely performed observed for the diagnosis 'tubular disease'. Overall, when the diagnosis 'tubular' is clear-cut. Second, the the most optimal results for classification are obtained nephrologists and the rule-based system use 'rules of with the hybrid system. thumb' to reach a diagnosis. Those 'rules' are based on the knowledge and experience of the nephrologists, but, as stated before, it is sometimes difficult to find Discussion the exact interrelationship of different parameters. The better score of the neural networks may thus be attributed to their capacity to unravel the relationships In the nephrological field, one of the most important differential diagnostic problems is the distinction between the different variables through their learning process. Seven of 59 patients with glomerular disease between glomerular and tubular disease. This differen- did not have proteinuria, and the nephrologists classi-the physicians, but were considered by the networks through their learning process. fied these patients as having tubular disease in respectively 4, 4 and 2 cases, whereas the neural networks Although they both use rule-based reasoning, the rule-based system performs better than the nephrologclassified all these cases correctly as being glomerular. The nephrologists were most probably misled by the ists. This is because the rule-based system has more computational power and handles the rules more conabsence of proteinuria, being guided by the rule that a patient with glomerular disease should have pro-sistently. On the other hand, it should be stated that the clinicians in reality use more parameters than teinuria. So, when there is no proteinuria, there should be relations between the other parameters that can interpreted by the artificial intelligence systems, such as for example the physical appearance of the patient, correctly indicate the presence of glomerular disease. These signs were apparently not taken into account by anamnestic data, presence of other diseases in the patient or in his family, thus improving their diagnostic overlooked, which could have therapeutic and prognostic consequences. capacities. Besides, clinicians are able to interact with the patient and they can retrieve additional information
The analysis of the parameter representations shows that the learning process results in a meaningful clusif they want to. However, in the present set-up, the information for the physicians was the same as the one tering of the different subgroups of patients over the map. In this way, a distinct cluster of patients with the presented to the networks, and thus of more limited extent, so one could state that the physicians started nephrotic syndrome characterised by a high proteinuria, a low serum albumin, a high serum cholesterol with a handicap. This fact indeed points to one of the main weaknesses of artificial intelligence systems, since and oedema could be found. Theoretically it should be possible to find further subclassifications in the map presentation and availability of data are often the bottleneck in their construction and application. For of the different types of glomerular and tubular disease, but for that purpose, a larger training group should most problems, the selection of parameters and the best way to present them to the network, are the most be available.
The limited number of patients for training and arduous problems to solve. Also for our study, we had the problem of how to present the data to the network, testing of the neural networks was a major drawback, not at least since there were only 16 patients with not at least for the decision of how many categories of disease we would use. At first we tried to use three tubular disease available. This is due to the fact that in our unit, a kidney biopsy is often not performed for classes, glomerular disease, tubular disease, and mixed form. However, this proved to be impracticable overt tubular disease. The only way to solve this problem correctly is to take a biopsy in all new patients because nearly all cases were then classified as having a mixed form. Therefore we used only two classes: presenting, and to train and test the networks on these new cases in a prospective way. glomerular and tubular. It is however clear that there are indeed cases that have characteristics of both Connectionist reasoning and neural networks are a fascinating subdivision in the field of artificial intelliclasses, and that these non-clear-cut cases may explain why clinicians sometimes have problems in making gence, with great possibilities for medical applications.
Although they have existed for more than 50 years, a correct decision. In this context it should, however, be noted that most mixed forms are cases of they are still in an early stage of development and their real possibilities are as yet unknown, as the present primary glomerular disease with secondary tubular involvement. models are simple in comparison with the future expectations. The hybrid system gave the most reliable results in the retrospective testing. It should, however, be stressed
In this paper we show that a neural network is able to discriminate glomerular and tubular disease on the that this hybrid system is probably more prone to degeneration when used in a different (prospective) basis of clinical and laboratory data, and this with a higher predictive value and sensitivity than nephrologtest group, because it includes the 'outlier cases' without balanced appraisal. The differences between the ists or a rule based system. However, before this expert system could be applied in every day clinical practice classifiers are most striking for the diagnosis 'tubular disease'. When the nephrologists state that the patient to decide whether a biopsy is needed or not, a prospective study with a larger group of patients to validate has tubular disease, this is only true in less than 40% of the cases, whereas for the networks, the predictive the present findings should be performed.
More importantly, the development and analysis of value for tubular disease ranges from 63 to 100%. This may be of clinical relevance, because when the dia-neural networks may give a new insight into the diagnostic approach of renal disease, and has uncognosis 'tubular disease' is incorrectly suspected by the attending physician, a biopsy will be considered to be vered some misconceptions in the problem solving strategies of the clinicians. Therefore, neural networks less useful, since there are no therapeutic consequences; hence, the diagnosis 'glomerular disease' might be should not be seen as a replacement of our human
